Methodology issue: The traditional implementation of the risk-adjusted Bernoulli cumulative sum (CUSUM) chart for monitoring surgical outcome quality requires waiting a pre-specified period of time after surgery before incorporating patient outcome information. Proposed solution: We propose a simple but powerful implementation of the risk-adjusted Bernoulli CUSUM chart that incorporates outcome information as soon as it is available, rather than waiting a pre-specified period of time after surgery. Evaluation: A simulation study is presented that compares the performance of the traditional implementation of the risk-adjusted Bernoulli CUSUM chart to our improved implementation. We show that incorporating patient outcome information as soon as it is available leads to quicker detection of process deterioration. Advice to practitioners: Deterioration of surgical performance could be detected much sooner using our proposed implementation, which could lead to the earlier identification of problems.
Introduction
Statistical process monitoring techniques are becoming more widely used in healthcare applications. In particular, methods for monitoring surgical outcomes are used to detect deterioration in surgical performance as quickly as possible to avoid undesirable consequences. For a comprehensive review of monitoring techniques for surgical outcome quality, see Woodall et al. [1] .
Frequently in healthcare applications, patients' pre-operative risks vary widely across the population. To account for the heterogeneity across patients, many risk-adjusted monitoring techniques have been developed. These techniques incorporate information about each patient's potential risk factor characteristics, such as age, gender, and health status, into the calculation of a statistic that is monitored. For example, if a patient who was old and unhealthy died shortly after surgery, this result would be more likely than an instance where a young, healthier patient died. Risk-adjusted monitoring techniques use this information about each individual to allow for meaningful monitoring of surgical outcomes. We propose an implementation scheme for the risk-adjusted Bernoulli cumulative sum (CUSUM) chart that significantly improves the time until detection of process deterioration.
The risk-adjusted Bernoulli CUSUM chart proposed by Steiner et al. [2] is a control chart that can be used to monitor 30-day mortality rates prospectively, where each patient has a predicted probability of 30-day mortality based on a risk-adjustment model. This approach can be used to monitor the rate of other adverse events, not just mortality. When discussing our proposed implementation for risk-adjusted monitoring, we focus exclusively on the risk-adjusted Bernoulli CUSUM chart since it has the strongest theoretical justification and is the most popular approach [3] .
When monitoring surgical outcomes, the outcome of interest is usually based on some pre-specified period of time after surgery. For example, Steiner et al. [2] considered death within 30 days after surgery. When outcomes such as this one are used, there is a period of time during which the outcome of the patient may be unknown. Specifically, for patients who survive the entire time period (e.g. 30 days), their outcomes are unknown until the end of the time period. However, for patients who do experience the adverse event sooner than the end of the time period (e.g. death occurs within 30 days after surgery), the outcome is obtained earlier. The standard risk-adjusted Bernoulli CUSUM method monitors patients in the order in which they undergo surgery, despite the fact that information about many of their outcomes is known sooner than 30 days. For example, if we are monitoring 30-day mortality rate and a patient dies one day after surgery, the traditional implementation of the risk-adjusted Bernoulli CUSUM chart may not incorporate this outcome information into the chart until 29 days later. We propose an implementation scheme for the risk-adjusted Bernoulli CUSUM chart that incorporates patients' surgical outcomes as soon as they are available, rather than waiting the length of the pre-specified time window to incorporate their information. Our proposed implementation considers all adverse outcomes immediately.
Methods

Risk-adjusted Bernoulli CUSUM procedure
The risk-adjusted Bernoulli CUSUM chart proposed by Steiner et al. [2] is capable of monitoring binary outcomes while adjusting for prior risk of the adverse event occurring. A risk-adjustment model is fit to a Phase I sample so that predicted probabilities of the adverse event of interest (e.g. 30-day mortality) can be calculated. Phase I data is typically a historical sample collected that characterizes how the process being monitored operates under stable conditions. For a comprehensive overview of Phase I and its importance in statistical process monitoring, see Jones-Farmer et al. [4] . When monitoring surgical outcome quality, a logistic regression model is typically fit with covariate information about the patients in order to obtain the predicted probability of the adverse event of interest.
The risk-adjusted CUSUM chart is designed to detect a shift in an odds ratio R from R 0 to > R R . Thus, the corresponding in-control and out-of-control probabilities are given by the following equations: This leads directly to the calculation of the score for the riskadjusted Bernoulli CUSUM given by the following equation: for > h 0. Currently, the observations would be indexed in the order in which the patients undergo surgery. However, when operating under this assumption, the outcomes for those patients who do not survive are observed earlier than 30 days, but for patients who survive, outcomes are not observed until the end of the 30-day time window.
Proposed approach
We show that it is beneficial to incorporate patient outcome information as soon as it is obtained, rather than waiting until the end of the waiting period associated with the outcome. To illustrate this result, we propose a simple implementation scheme for the riskadjusted Bernoulli CUSUM chart that incorporates patients' surgical outcomes as soon as they are available.
To illustrate our proposed implementation scheme of the riskadjusted Bernoulli CUSUM chart, we will use the same data set from a United Kingdom center for cardiac surgeries as was used by Steiner et al. [2] . The data set consists of 6994 patients from the years 1992 through 1998 and contains descriptive information such as surgery date, pre-operative Parsonnet score, and the number of days before any patient mortality. The Parsonnet score is a single value used to characterize a patient's overall health status [5] . The first two years of data (1992-93) were taken as Phase I data and were used to fit the following logistic regression model for risk-adjustment:
where X t is the Parsonnet score of patient t and p t is the preoperative risk of mortality within 30 days of surgery for this patient. In this set of data, for those patients who died within 30 days after surgery, the distribution of days lived is heavily right-skewed. Figure 1 shows that the majority of patients from the first two years of data who died within 30 days, died within a week after surgery. Practically, if a patient dies 5 days after surgery, it does not seem reasonable to wait up to an additional 25 days to include the outcome in the monitoring scheme. Figure 1 illustrates why it could be very helpful to incorporate outcome information as soon as it is available. If deaths occur closer to the 30-day point, then use of our proposed method would not be as advantageous.
Proposed implementation
We propose an implementation scheme where we continue to consider the patients in the order of their surgical operations as is done in the traditional implementation [2] . Although there is no way to know in advance if a particular patient is going to live or die, we initially assume in advance that all patients are going to survive until the end of the 30-day time window, and then, as the operations occur and the actual adverse outcomes are obtained, the chart is updated accordingly, rather than waiting 30 days. Using this implementation, all patients would be assumed to survive until determined otherwise. Specifically, the chart would be updated when patients who were assumed to survive actually die within 30 days after surgery. Thus, as soon as a patient dies, we would incorporate this outcome into the chart immediately. In this manner, some previously charted CUSUM statistics would dynamically change throughout the monitoring process.
The proposed implementation is a recursive process that would be initiated every time an adverse event occurs. In this manner, there would be a 30-day moving window in which the CUSUM statistics could be updated. For instance, if we are now considering the outcomes obtained on the 45th day of monitoring, then this backtracking window would update all outcomes considered from the 16th day to the 45th day. Patients who were not operated on within the last 30 days no longer need to have their control chart values updated. It is important to realize that at the end of the monitoring process once all outcome information has been obtained, the CUSUM chart using the proposed implementation will be identical to that with the traditional implementation. The dynamic updating of the CUSUM statistics through time allows our proposed implementation to detect process deterioration sooner than the traditional implementation.
Illustration
As an illustration of the proposed implementation, consider the small, artificial data set of surgical outcomes with an associated 30-day mortality response given in Table 1 . Each row corresponds to a patient. Information regarding whether or not each patient survived 30 days after surgery, as well as the number of days lived after surgery was recorded. The number of days lived for patients who survived 30 days after surgery was recorded as 30+. The day on which outcome information was obtained is calculated based on each patient's operation day and the number of days they lived after surgery.
Using the proposed implementation scheme, each plotted CUSUM statistic corresponds to a patient. However, the chart is updated through time for each day that new outcome information is obtained. Figure 2 illustrates how the chart updates information as it is obtained. On Day 1, all patients operated on thus far are assumed to survive 30 days, and thus all CUSUM statistics are zero.
The CUSUM statistics for the third patient and all subsequent patients are updated on Day 3 when it was learned that the third patient died. All patients after the third patient on Day 3 are still assumed to survive 30 days, and thus result in a decreasing trend of CUSUM statistics. On Day 4, patients 2 and 6 died and the CUSUM statistics are updated. Finally, on Day 7 outcome information for patients 7 and 9 was obtained and the CUSUM statistics were updated again. Hence, previously plotted CUSUM statistics are dynamically updated as outcome information is obtained, similar to reliability monitoring schemes involving dynamically changing observations [6] . Also, note that the resulting CUSUM chart for Day 7 is identical to the CUSUM chart obtained after Day 35 using the traditional implementation. For this illustration, a control limit of = h 2.5 is used, but another control limit could be used in practice. If the proposed implementation is used, the chart signals on Day 7, whereas if the traditional implementation is used, the chart would not signal until Day 34. Clearly, detection time can be reduced by using the proposed implementation.
Simulation study
A simulation study was conducted using the UK cardiac surgery data to compare the in-control and steady state out-of-control performance of the proposed implementation scheme with that of the traditional implementation of the risk-adjusted Bernoulli CUSUM chart. For both implementations, each CUSUM statistic plotted on the control chart corresponds to a patient, where patients are ordered by the date of their operation. It is more informative to consider the average run length (ARL) in number of days, rather than in number of patients. It is important to note that our proposed implementation will never signal before the traditional implementation in terms of the number of patients. When implementing the chart, however, the time until a signal can be determined by the number of days since monitoring began. The benefit in our implementation scheme is clearly seen in recognizing deterioration sooner, in terms of number of days, rather than number of patients, due to removing the 30-day wait time restriction. For our simulation study, the number of operations for a given day was drawn with replacement from the empirical distribution of the Phase I data and varies from one to eight. We also considered simulations where we fixed the number of operations per day to assess performance of the proposed implementation as the number of operations per day increases.
The simulation procedure used to compare our proposed implementation method to the traditional implementation method can be described in the following steps. For each simulated patient t, 1. Sample with replacement a Parsonnet score from the in-control empirical distribution. 2. Use Equation (4) to determine the predicted probability, p t , of death within 30 days of surgery. Adjust p t based on the assumed odds ratio R. 3. Generate a Bernoulli random variable with probability of 'success' p t . 4. With the outcome obtained in Step 3, calculate the CUSUM statistic using Equation (3) with = R 2 1 .
Repeat steps 1-4 until
To be consistent with the work of Steiner et al. [2] , we used an upper control limit of = h 4.5 which produces an in-control ARL, in terms of the number of patients, of~7400 [7] . We set up the control chart so that it is designed to detect a shift of = R 2
1
. For the out-of-control simulations, the process was initially simulated as in-control under the baseline model with = R 1 for the first 50 patients to achieve steady state conditions and the odds of death within 30 days was shifted after patient 50. We considered various values of the odds ratio R between 1 and 10. Additionally, we considered values of = R 2,3,4,5 for fixed numbers of operations per day of 1 through 10. Each ARL simulation result is based on 1000 simulated control charts.
Results
The proposed implementation scheme shows improved detection time of process deterioration in terms of days. Typically, monitoring schemes are compared using ARL, where the in-control ARLs of the schemes are set to be equal and the out-of-control ARLs are observed for different size shifts. The results of the simulation study for various odds ratios R are provided in Table 2 . We note that in our case, the in-control ARLs of the two implementation schemes are close, but not quite equal. With the proposed implementation, the in-control ARL is on average 15.8 days less than with the traditional implementation. Any false alarm obtained by the traditional method would likely be obtained at an earlier time by our proposed implementation scheme. As the size of the odds ratio R increases, the average time until detection for the proposed implementation improves. For this application, we can signal process deterioration up to 29 days sooner; however, if the waiting period for the response of interest were more than 30 days, more time could be saved. For example, in organ transplantation applications the monitoring of survival times is frequently used rather than the riskadjusted Bernoulli CUSUM because the waiting period after transplantation is usually one year [8] [9] [10] . In this case, our proposed implementation makes the risk-adjusted Bernoulli CUSUM more similar to methods with continuous updating schemes that consider time until event data and would lead to significantly improved performance in terms of days until detection of a process change. Another important aspect to notice is that the time until detection of process deterioration will depend on the number of operations performed per day. Figure 3 shows that the out-of-control ARL improves for both the traditional and proposed implementations of the risk-adjusted Bernoulli CUSUM as the number of operations per day increases, yet the difference in days until detection between the two implementations does not change with the number of operations per day. However, with the proposed implementation one always detects the shift sooner than with the traditional implementation. As expected, larger shifts in the process result in lower ARLs for both methods. In the limiting case, if all adverse events occurred immediately (i.e. death on the first day) the improvement in detection for the proposed implementation would be exactly 29 days.
Discussion
With the traditional implementation of the risk-adjusted Bernoulli CUSUM chart, one monitors patient by patient in the order of operation with a waiting period to determine the outcome. Practically, it is inefficient to wait a specific time period, such as 30 days, if information about some of the outcomes is available much sooner. We have proposed a more practical and appealing implementation scheme for the risk-adjusted Bernoulli CUSUM chart that incorporates outcome information as soon as it is available. We have illustrated that the proposed implementation significantly improves the time until detection of deterioration in the process, especially when most adverse outcomes occur toward the beginning of the waiting period. Performance of our proposed monitoring scheme in terms of time until detection of process deterioration is limited by the effect of estimation error inherent in fitting the risk-adjustment model. Furthermore, this method is intended for binary outcomes that have a waiting period required before obtaining the outcome. If deaths occur closer to the end of the waiting period, then use of our proposed method would not be as advantageous, but would still perform as well as the traditional approach.
Other practical issues regarding the implementation of the riskadjusted Bernoulli CUSUM chart have been addressed. For example, Tian et al. [7] discussed the impact of varying patient populations and its effect on chart performance. As a consequence, an appropriate monitoring scheme to account for varying patient populations is the use of dynamic probability control limits [11] . Additionally, situations arise in which observations happen concurrently and there is no way to determine the exact order [12] . Furthermore, Paynabar et al. [13] explored the importance of including other covariate information, such as surgeon information, into the risk-adjustment procedure. Jones and Steiner [14] studied the effect of Phase I estimation error on the performance of the risk-adjusted Bernoulli CUSUM chart. Also, Tang et al. [15] developed a risk-adjusted CUSUM chart for multi-responses, in cases where the response is not binary, but rather has several categories. This multi-response technique was further developed by Zhang et al. [16] to include dynamic probability control limits. Our proposed implementation could be applied directly to accommodate dynamic probability control limits, concurrent observations, covariate information, or multiresponses in order to improve performance.
